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Abstract: The rapid economic growth, the exodus from rural to urban areas, and the associated
extreme urban development that occurred in China in the decade of the 2000s have severely
impacted the environment in Beijing, its vicinity, and beyond. This article presents an innovative
approach for assessing mega-urban changes and their impact on the environment based on the
use of decadal QuikSCAT (QSCAT) satellite data, acquired globally by the SeaWinds scatterometer
over that period. The Dense Sampling Method (DSM) is applied to QSCAT data to obtain reliable
annual infrastructure-based urban observations at a posting of ~1 km. The DSM-QSCAT data,
along with different DSM-based change indices, were used to delineate the extent of the Beijing
infrastructure-based urban area in each year between 2000 and 2009, and assess its development
over time, enabling a physical quantification of its urbanization which reflects the implementation of
various development policies during the same time period. Eventually, as a proxy for the impact of
Beijing urbanization on the environment, the decadal trend of its infrastructure-based urbanization
is compared with that of the corresponding tropospheric nitrogen dioxide (NO2) column densities
as observed from the Global Ozone Monitoring Experiment (GOME) instrument aboard the second
European Remote Sensing satellite (ERS-2) between 2000 and 2002, and from the SCanning Imaging
Absorption SpectroMeter for Atmospheric CHartographY aboard of the ESA’s ENVIronmental
SATellite (SCIAMACHY /ENVISAT) between 2003 and 2009. Results reveal a threefold increase of the
yearly tropospheric NO2 column density within the Beijing infrastructure-based urban area extent in
2009, which had quadrupled since 2000.
Keywords: dense sampling method; Beijing; urbanization; change indices; tropospheric NO2 columns
1. Introduction
The Intergovernmental Panel on Climate Change (IPCC) Working Groups (WG) II and III
recognize that a large fraction of greenhouse gases from power generation, industry, transportation,
and consumption can be attributed to human settlements [1]. Due to the rapid growth of urban
populations, and associated infrastructure, cities are becoming increasingly vulnerable to both climate
change, which may exacerbate both natural and man-made hazards [2–4], and pollution [5,6].
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The economic boom that took place in rapidly developing countries, such as those observed
in China and India in the 2000s, and the associated great exodus from rural to urban areas, has led
to a rapid and extreme urban development that has affected the environment not only in the urban
vicinity, but also at regional [7,8] and, perhaps, global scales [9]. Nevertheless, major gaps exist in
the assessment of the impact of urbanization on the environment at multiple spatial and temporal
scales; mostly because of the difficulty of consistently estimating the extent and typology of urban
areas through time and space [10] and the subsequent, and often biased, distribution of environmental
monitoring stations [11,12].
Indeed, administrative extents of urban areas are often defined differently and inconsistently
both within and among countries, which may not be representative of the underlying physical
infrastructure [13]. Furthermore, the use of moderate spatial resolution optical remote sensing
data, such as multi-temporal and globally available Landsat Enhanced Thematic Mapper Plus
(ETM+) and Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) images,
to consistently estimate the type and extent of urban areas over space and time has proven to be a
substantial challenge due to the presence of clouds, a recurrent phenomenon in tropical regions [14],
the considerable intraurban and interurban spectral heterogeneity [15], and the spectral similarity
among many impervious surfaces and their surrounding natural environments [16,17]. While
high spatial resolution optical data can resolve individual components of the urban mosaic [18],
such data are only available for small areas at irregular points in time [19]. Similarly, the
National Oceanic and Atmospheric Administration (NOAA) Defense Meteorological Satellite
Program Operational Line Scanner (DMSP-OLS) and the Suomi National Polar-Orbiting Partnership
(NPP) Visible Infrared Imaging Radiometer Suite (VIIRS) night light data present a number of
well-known limitations precluding their use to solely distinguish between different urban typologies
and quantitatively assessing the horizontal and vertical growth of urban areas over space and
time [20–22]. Synthetic aperture radar (SAR) data, which could potentially be used to consistently
map infrastructure-based urban areas [23], are generally not collected globally over regular time
intervals—with partial exceptions represented by the Shuttle Radar Topography Mission (SRTM) [24],
which collected global SAR data in February 2000, and the TanDEM-X satellite, which collected global
SAR data in 2011–2012 [25]. Very high-resolution spotlight SAR [26] and Lidar data [27] have been
successfully used to map infrastructure-based urban areas at a meter or even sub-meter resolution,
but their coverage is extremely limited in both space and time [27].
In this study, an innovative approach for consistently and quantitatively assessing
infrastructure-based urbanization over space (i.e., horizontal and vertical urbanization/urban growth)
and time, and its impact on the environment, is demonstrated for Beijing as a case study (Figure 1).
Such an approach is based on the use of (i) decadal level L1B Ku-Band (at the frequency of 13.4 GHz
and wavelength of 2.24 cm) radar backscatter data, collected by the SeaWinds scatterometer aboard the
QuikSCAT satellite (henceforth referred to as QSCAT data) [28], and (ii) decadal tropospheric nitrogen
dioxide (NO2) column densities, retrieved from the Global Ozone Monitoring Experiment (GOME)
spectrometer on the European Remote Sensing Satellite 2 (ERS-2) [29,30] and the SCanning Imaging
Absorption SpectroMeter for Atmospheric CHartographY (SCIAMACHY) aboard the European Space
Agency’s (ESA) ENVIronmental SATellite (ENVISAT) [31].
First, the Dense Sampling Method (DSM), developed at the Jet Propulsion Laboratory of the
National Aeronautics and Space Administration [19], is applied to QSCAT slice data to obtain reliable
annual physical infrastructure-based urban observations at 1-km posting. The DSM-processed QSCAT
data (henceforth referred to as DSM data) are then used to (i) estimate the extent of the Beijing
infrastructure-based urban area in each year of the 2000s, (ii) distinguish among different urban
typologies, and (iii) define four different DSM-based indices enabling a quantitative assessment of
land cover and intra-urban changes over time. Ultimately, to evaluate the impact of the Beijing
infrastructure-based urbanization on the environment in terms of air pollution, its decadal urbanization
trend is compared with that of the corresponding tropospheric nitrogen dioxide (NO2) column densities.
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Figure 1. Schematic overview of the approach used for assessing Beijing infrastructure-based
urbanization over space and time and its impact on the environment.
2. Study Area
Beijing (Figure 2) has experienced rapid economic growth in the past two decades (the city’s
gross domestic product increasing from 28.49 billion CNY in 1986 to 787 billion CNY at the end of
2006 [32]) and represents a prominent example of rapid urbanization in a strongly emerging economy.
During the same period, Beijing’s economic growth was accompanied by the development of its urban
area, which was planned through three urban Master Plans in 1982, 1992, and 2004 [33].
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The city’s development has been characterized by two primary phases that can be distinguished
based on their urban growth rate and mechanism. In particular, the period 1996–2001 was characterized
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by strong development along roads, followed by new city developments, and limited growth in areas
around the city, while the period 2001–2006 experienced the highest development in riverside areas,
followed by development in the city, and an increase of roadside built-up areas [35].
Furthermore, the urban development within the Beijing Municipality Area was significantly
different from the that detailed in the plan. Indeed, during the two planning periods of 1983–1993 and
1993–2005, more urban development was carried out outside the planned urban growth boundaries
than within [10]. Nowadays, Beijing Municipality covers a total area of 16,410 km2 with a population
of about 21.5 million [36], which is almost twice that of 1976 [33]–this coincided with the number of
vehicles increasing from 0.82 to more than 3.5 million since 1994 [37].
The simultaneous increase of vehicles and industrial activities has significantly increased
the sources of emissions of both volatile organic compounds and NOx (NO+NO2). Since 1998,
Beijing adopted a series of measures in an effort to both control and decrease air pollution [32].
However, even though some air quality improvements were achieved by the end of the 1990s, air
pollution worsened again during the 2000s due to the impressive growth rate that characterized the
same period [7].
Beijing is also surrounded by three other highly populated, urbanized, and industrialized provinces,
with four large cities having between 3.3 and 9.1 million inhabitants [7], which are considered significant
contributors in the deterioration of Beijing’s air quality [8,37,38].
3. Materials and Methods
3.1. QSCAT Data and Dense Sampling Method for Urban Observations
Level L1B Ku-Band QSCAT data, available through the NASA Jet Propulsion Laboratory Physical
Oceanography Distributed Active Archive Center (PO.DAAC; https://podaac.jpl.nasa.gov/dataset/
QSCAT_LEVEL_1B_V2), were continuously collected between July 19th, 1999 and November 22nd,
2009 by the SeaWinds scatterometer.
The data were collected using a scanning pencil-beam antenna across a large swath (as wide
as 1800 km) over Earth’s surface, as the QuickSCAT satellite moved along drifting orbits around
the Earth [39]. QSCAT data present a number of clear advantages, with respect to other remote
sensing-based datasets, for providing consistent physical infrastructure-based urban observations
without gaps in time or space [19,21]. Indeed, (i) QSCAT data have a daily coverage of about 90%
of Earth’s surface regardless of cloud coverage or level of light, (ii) QSCAT backscatter responses
are dependent on the number, size, and construction materials of buildings and other structures
(e.g., higher backscatter for more structures, larger and taller buildings, and stronger construction
materials such as steel versus wood), and (iii) QSCAT drifting orbits allow the azimuth diversity in the
backscatter measurements at each targeted area to detect the presence of buildings and other structures
regardless of their directional alignment. Furthermore, QSCAT backscatter measurement is accurate
to 0.2 dB (3-σ); [40], which is equivalent to approximately 1.57% in root-mean-square error, enabling
QSCAT to detect large and rapid, as well as small and slow, environmental changes [41].
However, an important limitation of the raw QSCAT data is represented by their low spatial
resolution—about 25 km in azimuth by 37 km in range [28], which is clearly inadequate to delineate and
monitor inter-annual changes in intraurban areas. To overcome this limitation, DSM is used to increase
the spatial resolution of the QSCAT data, at the expense of their temporal resolution (by reducing the
latter from daily to annual), and thus to enable their use for assessing urbanization and its effect on
multiple environmental matrices [13,41–44].
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Here, DSM is summarized to provide a basic understanding of the DSM data used in this study.
At each location, with original QSCAT data densely compiled annually and posted at 30 arc seconds
(approximately 1 km at the equator) in latitude and longitude (World Geodetic System 84; WGS84),
a mathematical transform, called the Rosette Transform is applied to calculate an ensemble average of
measured QSCAT backscatter values, (dB), using Equation (1):
σ0 =
1
N
N∑
i=1
σ0(φi, ti) = σ0M +< (1)
whereN is the total number of scatterometer footprints centered at the considered location, and σ0(φi, ti)
is the backscatter value measured at time ti and azimuth direction φi of each footprint. In (1), σ0M is
the mean part obtained by the Rosette Transform, and< represents the residual from the zero-mean
fluctuating part of the radar backscatter.
For a target like an urban area, having certain persistent characteristics over time whilst transient
perturbations occur (e.g., new/less structures, traffic, rain, snowfall, etc.), σ0M tends to a significant and
stable value while< becomes small with sufficiently large number of samples [19]. Thus, for each
considered location, by sacrificing the temporal resolution of the QSCAT data over a long time period
(over a year, for instance) in order to collect a sufficient number of samples, it is possible to (i) obtain a
stable value for the mean part, and (ii) characterize the perturbations represented by the fluctuation
term by an Index of Variability, IV, using Equation (2):
IV = 1+ (δ/σ0) (2)
where σ0 (dB) is the linearized ensemble average of measured QSCAT backscatter values, and δ (dB) is
the linearized standard deviation of σ0 (dB) [19].
Thus, each DSM dataset is produced from a rectangular array of points, uniformly gridded at 30 arc
seconds in latitude and in longitude (GCS-WGS84), with each point containing a stable σ0 value and
the associated IV. Here, QSCAT data acquired in the 2000s are used to generate annual DSM σ0 and IV
gridded datasets of the study area (Figures 3 and 4, respectively) bounded by latitudes 39.375◦S–40.5◦N
and longitudes 115.75◦E–117.25◦E. In Figure 3 (and in subsequent figures), the “filtered” Beijing
1994–1995 stable night light-based extent [20], obtained using a 10% detection frequency threshold to
include only persistent lights from the city while excluding gas flares and ephemeral events such as
fires, is used as a common and consistent spatial reference. This is to better visualize the spatiotemporal
change of the Beijing DSM-based urban area extent (see also Section 4.1). Refer to Figure S1, available in
the Supplementary Materials, to visually compare annual DSM-based urban area extents against the
corresponding intercalibrated stable night light data [45] for each year in the 2000s.
Beyond the capability of delineating boundaries demarcating DSM-based urban and rural/natural
areas, σ0 values can also be used to (i) distinguish among different intra-urban typologies, such as
city cores (including commercial and industrial centers) with larger building volume and residential
areas with lower building volume, and (ii) monitor their changes over time (see Section 4.2). This is
because the value of σ0 in urban areas is dependent on the 3D building volume, with a consistent
linear relationship over a large dynamic range without a saturation problem [27]. It is noted that the
capability of DSM data to capture physical urban patterns has been validated both in two-dimensional
(2D) extent [46] and in three-dimensional (3D) building volume [27].
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3.2. Tropospheric NO2 Columns
Tropospheric NO2 column densities can be measured from space using the Differential Optical
Absorption Spectroscopy (DOAS) Method [47]. The data used in this study, representing tropospheric
NO2 column densities averaged annually and posted at 7.5 arc minutes (approximately 14 km at the
equator), are derived from GOME [29] for 2000–2002 and SCIAMACHY [31] for 2003–2009 [48].
GOME and SCIAMACHY tropospheric NO2 observations (expressed as 1015 molec/cm2) are
available through the University of Bremen IUP DOAS data archive (http://doas-bremen.de/no2_from_
gome.htm and http://doas-bremen.de/no2_tropos_from_scia.htm, respectively) and can be successfully
used to observe the te poral evolution of tropospheric NO2 columns worldwide [49–51]. It is important
to note that although the uncertainty of absolute values for individual NO2 observations may be
considerable, uncertainty is significantly reduced when averaging over a long period such as one
year [52]. Furthermore, since many sources of uncertainty are systematic, relative values such as those
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used in this study, representing the variation of tropospheric NO2 column densities over time, have an
even lower uncertainty, which is estimated to be around 15% over China [48].
4. Results and Discussion
4.1. Beijing Urban Extent
Although values of σ0 are expected to be high within urban areas, where structures are located
(e.g., houses, factories, shopping malls, skyscrapers, road network, etc.), in some cases it may be
difficult to distinguish high-backscatter urban areas from high-backscatter natural areas such as forests
or snowcapped mountain peaks [53]. Thus, backscatter values need to be combined with IV values
to delineate the actual extent of infrastructure-based urban areas. Indeed, due to the anisotropy of
structures, which behave as radar corner reflectors aligned in a certain azimuth direction, the angular
variability of the backscatter is typically larger in urban areas than in natural environments where
scatterer orientations are more random and scattering effects are mostly incoherent [19].
Hence, co-registered DSM σ0 and IV gridded datasets can be combined to correctly identify grid
cells characterized by the presence of structures. This can be done by identifying (i) an appropriate
σ0 threshold value to select all grid cells potentially representing urban areas (i.e., all grid cells
characterized by backscatter values higher than the considered σ0 threshold), and (ii) an IV threshold
value to exclude cells with high-backscatter natural targets from previously selected all grid cells
(i.e., to exclude all grid cells characterized by backscatter values higher than the considered σ0 threshold
but lower IV values than the considered IV threshold). In this study, to delineate the extent of the
Beijing urban area in each year from 2000 to 2009, each annual DSM σ0 gridded dataset (Figure 3) is
used in combination with the decadal (2000–2009) DSM IV gridded dataset representing how much
change occurred within each grid cell during the entire decade (Figure 5).
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For each year, the decadal (2000–2009) DSM IV gridded dataset, is used instead of the corresponding
annual DSM IV dataset, to better distinguish between high backscatter grid cells representing urban
areas and high backscatter grid cells representing natural/rural areas. By using stable decadal IV
values, it is possible to identify a set of potential urban (SIV) versus natural/rural grid cells for each
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year, and then use the above-the-threshold σ0 value to determine the actual urban grid cells in each
annual SIV. It is noted that a natural/rural grid cell in 2000 not becoming urban will have a low decadal
IV value, while a natural/rural grid cell becoming urban at some point will have a higher decadal IV
value. On the contrary, the decadal IV value for a grid cell that was urban from the beginning will be
high. Thus, the role of IV is to detect grid cells that are already urban or may become urban; for those
pixels that can be urban, DSM σ0 is used to monitor annual urban change throughout the 2000s.
To identify the optimal threshold values for σ0 and decadal IV, both thresholds were iteratively
adjusted by comparing the result from each iteration with high-resolution Landsat images of the
city of Wuhan (China)—used as a test case for calibrating and validating the urban classification
algorithm [27,43]. The annual results (Figure 6), obtained using an optimal σ0 threshold of –8.0 dB and
decadal IV threshold of 2.0, show that the Beijing infrastructure-based urban area (i) is much smaller
than the 1994–1995 stable night light extent in the early 2000s (i.e., 2000–2003) due to the well-known
blooming effect [22], (ii) becomes comparable to it in the mid-2000s (i.e., 2004–2006), and (iii) finally
sprawls well beyond it in the late 2000s (i.e., 2007–2009).
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The urban expansion was extensive in the city’s southeastern sector and to a lesser degree in
the northern districts of Huairou and Miyun. The presence of mountainous areas in the western and
northwestern parts of the study area restricted the urban expansion in these directions.
The gridded DSM-based urban area extent datasets in Figure 6 and the ASPHAA algorithm [54]
were then used to calculate the surface of the Beijing urban area extent in each year of the 2000s and its
corresponding annual growth (Table 1).
Table 1. Surface of the Beijing DSM-based urban area extent in each year of the 2000s and its
corresponding annual growth.
Year Surface of Urban Area Extent Annual Growth (with Respect to the Previous Year)
No. of Grid Cells km2 km2 %
2000 1676 1104.83
2001 2002 1319.74 214.9 19.5
2002 2423 1597.23 277.5 21.0
2003 2906 1915.55 318.3 19.9
2004 3477 2291.79 376.2 19.6
2005 3759 2477.53 185.7 8.1
2006 4432 2920.76 443.2 17.9
2007 5035 3317.93 397.2 13.6
2008 5999 3952.85 634.9 19.1
2009 6282 4139.33 186.5 4.7
The surface of Beijing’s DSM-based urban area extent quadrupled in the 2000s, with an increase of
3035 km2 between 2000 and 2009, corresponding to an average annual increase of 337 km2. DSM-based
estimates for 2000, 2007, and 2009 were compared to other independent estimates referring to these
years. In particular, the 2000 DSM-based estimate is 6.3% bigger than the corresponding Landsat-based
estimate of 1035 km2 [55], the 2007 estimate is just 0.2% smaller than the Constructive Land area
estimate of 3325.57 km2 from the Beijing Municipal Bureau of Statistics [56], and the 2009 estimate
is 7.6% smaller than the 2009 official urban area extent of 4480 km2 that includes inner and outer
suburbs—with the remaining 12,239.9 km2 of the Beijing Municipality consisting of rural areas that
include nature reserves and lightly populated mountains [57].
While the cumulative growth of the surface of the Beijing urban area extent has an overall linear
trend in the 2000s (Figure 7), the year-to-year growth rate shows a large variability (Table 1), with an
average value of about 16% and three significant drops (Figure 8) reflecting the implementation of
different development policies during that period.
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In particular, the first major drop observed in 2005 (of about −12% with respect to that in the
previous year) can be related t the gr wth re uction policy implemented in 2004 to mitigate t e
increasing social pressure an discontent associated with the mega rapid urbanization that was taking
place in China [58]. The drop observed i 2007 (of about −4.5% with res ect to that in the previous
year) can be associated with the decision of the Chinese government to reassess the preparation of
the 2008 Olympic Games, which led to the postponement of constructi n deadlines by a year [58].
Finally, the third major dro observed in 2009 (of about −14% with respect to that observed in
the previous year), in turn, can be interpreted as the inherent consequence of the Olympic-relate
construction boom that occurred earlier in 2008.
4.2. DSM-Based Change Indices
As mentioned in Section 3.1 and seen in Figure 3, for each year, the corresponding DSM σ0 gridded
dataset can be used to identify the inner core of Beijing (light-gray to red/light-orange), representing a
well-established urban area with dense housing and tall buildings, its urban/suburban area (yellow to
green) transitioning into its greater outskirt area with sparse houses (cyan), and the surrounding natural
environment (blue). One can clearly observe the significant expansion and build-up characterizing the
Beijing core with high backscatter [21] and the distinct concentric sprawl representing Beijing’s urban
development during the 2000s [10,59].
Thus, annual DSM σ0 gridded datasets can also be used to monitor changes over time, both within
urban areas and in their rural/natural surroundings. To this end, to quantitatively investigate these
changes, four different DSM-based indices, described in the following subsections, were developed.
4.2.1. Surface Change Indices
Two different Surface Change Indices were developed to identify grid cells changing or remaining
stable in both urban and rural/natural areas over time. The most simple and intuitive index, computed at
the grid cell level and expressed in decibel (dB), is represented by the difference between the 2009 and
2000 DSM σ0 grid cell values. This index is calculated using Equation (3)
∆σ0 = σ0(2009) − σ0(2000) (3)
where σ0(2009) and σ0(2000) represent the DSM σ0 value in each grid cell in 2009 and 2000, respectively.
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The Surface Change Index ∆σ0 describes the total change which occurred between 2000 and 2009
(Figure 9). High positive values primarily indicate highly urbanized areas while negative values
are likely associated with significant urban decay (e.g., demolition and/or abandonment) and/or
environmental degradation (e.g., deforestation leading to denuded land). The ∆σ0 gridded dataset
(Figure 9) shows larger changes both in the inner core of Beijing and in the urbanized area around
it (i.e., the area corresponding to the grid cells classified as nonurban in 2000 and as urban in 2009).
Low values of ∆σ0 indicate that the rural/natural surroundings remained relatively stable in the
2000–2009 time period.
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Figure 9. Gridded dataset, with a posting of 30 arc seconds (GCS WGS 1984), representing the Surface
Change Index ∆σ0 for the 2000s defined as the difference calculated subtracting the DSM ∆σ0 values for
2000 from the DSM ∆σ0 values for 2009. The black contour represents the “filtered” Beijing 1994–1995
stable night light extent [20]. The + sign marks the “hotspot” location showed in Figure 10.
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Figure 10. High-resolution images of an urbanization “hotspot” located in the westernmost part of the
Tongzhou province of Beijing (Map data: Google, DigitalGlobe). The center of this area is represented
by the plus sign in Figure 9. Coordinates refer to GCS WGS 1984.
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As an important capability, the∆σ0 gridded dataset can be used to identify urbanization “hotspots”,
characterized by high values of ∆σ0, where the largest changes between 2000 and 2009 occurred due
to significant build-up. One of these urbanization “hotspots”, where many large buildings were
constructed between 2003 and 2009, is detected in the westernmost part of the province of Tongzhou
(plus sign in Figure 9) and verified with high-resolution images (Figure 10).
The second index, computed at the grid cell level and expressed in decibel per year (dB/year),
is calculated as the slope of the linear regression line obtained by plotting annual DSM ∆σ0 grid cell
values against time over all years in the 2000s. This index is calculated using Equation (4):
S(σ0) = d[F(σ0, t)]/dt (4)
where d[F(σ0, t)]/dt represents the time derivative of the linear regression function F(σ0, t) of σ ¯0 in
each grid cell.
The Surface Change Index S(σ0) describes the rate of change of the land cover throughout the
2000s. Large positive slope values primarily indicate urban development within the corresponding grid
cells, with greater slope values associated with significantly higher urban development. In contrast,
null or negative slope values indicate grid cells typically associated with the steadier rural and natural
areas surrounding Beijing.
Since S(σ0) employs all annual data in the 2000s, rather than just the difference between two
years as in (3), it has the advantage of being more stable compared to the noisier results of ∆σ0. This is
evident when looking at the urban “hotspot” located in the Tongzhou province of Beijing, where
the S(σ0) gridded dataset contains a more consistent set of very high value grid cells (i.e., red cells
in Figure 11) compared to that observed in the ∆σ0 gridded dataset, which shows an inconsistent
number of very high value grid cells (i.e., red cells) mixed with others having lower values (Figure 9 vs.
Figure 11). This result illustrates the advantage of DSM data providing observations without gaps in
time and space for rural/urban monitoring.Remote Sens. 2019, 11, x FOR PEER REVIEW 14 of 25 
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The coefficient of determination R2 associated with the regression line is calculated as an additional
data product from the S(σ0) regression. Since R2 represents how well the response variable variation
can be explained by a linear model, high values of R2 indicate a consistent linear trend that can be
associated with planned urban development. Conversely, low values of R2 indicate more random
natural characteristics, with transient or intermittent variations, in areas remaining undeveloped.
The R2 gridded dataset (Figure 12) seems to confirm that the urban development in both the inner core
of Beijing and its surroundings are the results of structural build-up.Remot  Se s. 2019, 11, x FOR PEER REVIEW 15 of 25 
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4.2.2. Development Indices
To quantitatively assess the horizontal and vertical growth of Beijing urban areas over time,
three different DSM-based aerial indices, partitioned on the basis of different urban area extents,
were defined. First, the Urban Development Index (UDI), calculated for each year in the 2000s with
respect to 2009, represents a quantitative urbanization measure accounting for both horizontal and
vertical growth of areas identified as urban in 2009. The yearly UDI is calculated by averaging all DSM
σ0 grid cell values within the 2009 Beijing urban area extent. This index is calculated using Equation (5):
UDI y
N(2009)∑
i=1
σ0i(y)/N(20 9) (5)
where σ0i(y) is the DSM backscatter value (dB) of a grid cell i in the year y classified as urban in 2009,
and N(2009) is the total number of grid cells classified as urban in 2009.
As defined, I(y) accounts for grid cells both within and outside the urban area extent in a given
year y classified as urban in 2009. Thus, since backscatter correlates to the presence of structures [19],
UDI(y) represents the total urban growth/development integrated over the existing urban area extent,
with more and larger buildings, as well as over the nonurban areas that would become urban by 2009.
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The persistently increasing UDI(y) for Beijing from 2000 to 2009, that closely follows a linear trend
(Figure 13), indicates that in this period Beijing experienced a continuous constant urban growth,
in terms of both number and size of its physical structures. The drop observed in 2005 (Figure 8)
represents an exceptional case, as a consequence of a temporary policy change in the overall decadal
urban build-up and expansion of Beijing [58].Remote Sens. 2019, 11, x FOR PEER REVIEW 16 of 25 
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Figure 13. Yearly Urban Development Index (UDI) calculated with respect to the 2009 Beijing urban
area extent. The regression fit function (black line) is UDI = 0.3628 × y − 9.1267 where y = year − 1999,
and R2 = 0.998 that explains 99.8% of the UDI with respect to the linear trend.
Second, the Building Development Index (BDI), for each year in the 2000s, represents a quantitative
indicator of having more and/or larger structures, being built wit in the DSM-based urban area extent
delineated in each year (see Section 4.1). The yearly BDI is calculated by averaging, for a given year,
the values of all DSM σ0 grid cells located within the urban area extent referring to the same year.
This index is calculated using Equation (6):
BDI(y) =
N(y)∑
i=1
σ0i(y)/N(y) (6)
where σ0i(y) is the DSM backscatter value (dB) of a grid cell i classified as urban in the year y and N(y)
is the total number of grid cells classified as urban in the year y.
As defined,BDI(y) accounts only for what occurs within the urban area extent occupied by buildings
and other structures in each year, while excluding areas classified as nonurban. Thus, as expected,
in each year the value of BDI (Figure 14) is higher than the corresponding UDI value (Figure 13),
since the latter accounts for both urban and nonurban areas. Therefore, BDI(y) tracks the vertical
built-up areas more closely than UDI(y), with the latter being more representative of the general
long-term urban development. This is evident in that the BDI values in 2005 and 2006 (see ellipse in
Figure 14) are similar as a direct consequence of the curb on urban development in 2005 [58].
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Figure 14. Yearly Building Development Index (BDI) within the Beijing urban area extent of each year
in the 2000s. The regression fit function (black line) is BDI = 0.0763 × y − 6.261 where y = year − 1999,
and R = 0.972. The ellipse marks the BDI values for 2005 and 2006 that are similar.
The results from the combination of UDI and BDI highlight two simultaneous processes
characterizing Beijing’s urban development in the 2000s including (i) the urban expansion/sprawl due
to the transformation of nonurban to urban areas and (ii) the densification/upward height of buildings
due to increasing construction activities in already existing urban areas.
Third, the Vertical Development Index (VDI), calculated for each year in the 2000s with respect to
year 2000, represents a quantitative urbanization measure accounting for the vertical growth within
the inner core of Beijing identified as urban in 2000. The yearly VDI(y) is calculated by averaging all
DSM σ0 grid cell values within the 2000 Beijing urban area extent using Equation (7):
VDI(y) =
N(2000)∑
i=1
σ0i(y)/N(2000) (7)
where σ0i(y) is the DSM backscatter value (dB) of a grid cell i in the year y classified as urban in 2000
and N(2000) is the total number of grid cells classified as urban in 2000.
Confined within the urban extent of 2000, here referred to as the inner core of Beijing,
VDI characterizes its physical growth, between 2000 and 2009, due to more and larger structures.
As such, VDI(y) specifically tracks the mostly vertical build-up, represented by an increase in the total
building volume, within the inner core of Beijing (Figure 15).
Of all of the development indices described above, VDI(y) has that largest value in each year
of the 2000s, confirming that the internal core of Beijing contains the most and the largest build-up.
Moreover, VDI(y) has the largest rate of change (i.e., slope of the regression fit function), compared to
those of UDI and BDI, revealing the continuous and strong development of the inner core of Beijing.
Together, all of the development indices contribute to a more complete characterization of Beijing
urban change in the 2000s, from the Beijing inner core to its outward expansion.
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Figure 15. Yearly Vertical Development Index (VDI) calculated with respect to the Beijing urban area
extent in 2000. The regression fit function (black line) is VDI = 0.3995 × y − 6.646 where y = year − 1999,
and R2 = 0.995.
4.3. Beijing NO2 Pollution
Rapid urbanization and economic growth, along with the associated NOx emissions, have a key
role in the increase of tropospheric NO2 [47,49,50]. High conc ntrations of 2 in the troposphere are
harmful to human health by both aggravating respiratory diseases in the short term and contributing
to onset of asthma in the long term [60].
For each year i t 2000s, Figure 16 presents satellite observations of yearly tropospheric NO2
column densities (see Section 3.2) over the tudy r a, overlapped by the corresponding Beijing
DMS-bas d urban area exte t (see S ction 4.1).
Tropospheric NO2 column density values were low in the early 2000s while increasing markedly
between 2003 and 2009 (Figure 16), along with B ijing’s urban development during the sa e period.
Nevertheless, obvious dec ase c n be observed 2008 (Figur 16), corresponding to the y ar of the
Olympic Games. Indeed, b ause of the high levels of air pollution in Beijing prior to 2008, a series f
control easures were implemented t substantially reduce air pollutio duri the pre-Olympic and
the Olympic period [61,62]. In 2009, however, righ fter the Olympic year, tropospheric NO2 column
density values starkly increased again to a more serious level compared to 2007 (Figure 16).
As a quantit tive assessment of tropospheric NO2 pollution, column densities (1 15 molec/cm2)
are spatially averaged over th Beijing DSM-based urban area extent i 2009 for each year in the
2000s. Results cle rly suggest an increasing trend of troposph ric NO2 column densities in the 2000s,
although wi h significant vari tio s from year to yea (Figure 17).
Notable are ( ) the 17.7% decrease between 2007 and 2008 (from 27.9 × 1015 in 2007 to
23.7 × 1015 molec/cm2 in 2008), and (ii) the significant 29.5% increase after the Olympic year (from 23.7 × 1015
in 2008 to 30.7 × 1015 molec/cm2 in 2009) which effectively negated the benefit from the pre-2008 air
cleanup effort.
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A regression analysis between yearly UDI values and yearly tropospheric NO2 columns,
both calculated with respect to the Beijing DSM-based urban extent in 2009, is carried out to investigate
the relation between Beijing urban development and tropospheric NO2 pollution (Figur 18).
Over the 2000s, regression results indicate an increasing trend in tropospheric NO2 pollution
alongside th urbanization of Beiji g, with a high correlation coefficient of 0.9063. The R2 value
of 0.821 xplains 82.1% of t tropospheric NO2 column tr d with respect to the Beiji g urban
developme t trend.
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Figure 18. Yearly tropospheric NO2 column densities and UDI values, both calculated with respect to
the Beijing DSM-based urban extent in 2009. The regression fit function (black line) is NO2 column =
6.5959 × UDI + 68.0828 with R2 = 0.821.
5. Conclusions
Mega-urban changes in Beijing and their impacts on the environment are assessed
consistently and quantitatively through an innovative approach using decadal QuickSCAT data
and GOME/SCIAMACHY-derived tropospheric nitrogen dioxide (NO2) columns. Annual observations
of Beijing urban area extent are based on the Dense Sampling Method (DSM) that allows a major
increase in the QSCAT data sampling, from about 25 km2 to a posting of about 1 km2, which is
appropriate to map urban extent based on the presence of buildings and other structures rather than
on the administratively defined city boundaries.
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Compared to independent sources in multiple years, including results obtained using a
Landsat-based method and government statistics, DSM applied to QuickSCAT data from the 2000s
enables us to:
(i) Monitor the annual growth of Beijing’s urban area extent, which quadrupled in the 2000s
with an increase of 3035 km2 between 2000 and 2009, corresponding to an average annual increase of
337 km2. DSM-based results reflect the Chinese political and policy changes affecting Beijing’s urban
development over the decade. These include the growth reduction policy implemented in 2005 and
the pollution-curbing policy adopted before the Games of the XXIX Olympiad in 2008.
(ii) Observe the significant urban expansion and built-up in Beijing, including its distinct concentric
sprawl during the 2000s. DSM backscatter values, combined with the associated Index of Variability
values, enable us to distinguish between the inner core of Beijing (representing a well-established
urban area with dense housing and tall buildings), the urban and suburban areas transitioning into
Beijing’s greater outskirt area (characterized by the presence of sparse houses), and the surrounding
natural environment.
(iii) Infer processes of urban development (e.g., expansion, densification, and vertical growth)
spanning both the inner core of Beijing and its surrounding areas using DSM-based development
indices (i.e., Urban Development Index, Building Development Index, and Vertical Development
Index). Results show large changes both in the inner urban core and urbanized areas of Beijing,
while suggesting that the rural/natural areas around Beijing remained relatively stable in the 2000–2009
time period. Given that DSM can be used to process the whole global QuikSCAT data collected in the
2000s, similar analyses could provide more details and insights on the urbanization rate and type of
urban development for the whole of China and other megacities around the world.
Furthermore, the DSM-based urban analysis allows a consistent comparison with the year-by-year
changes of tropospheric NO2 column densities measured from space. This study highlights a clear
relationship between the Beijing urban growth/development and its tropospheric NO2 pollution trend.
The comparison reveals a triple increase in the yearly tropospheric NO2 column densities spatially
averaged over the 2009 Beijing DSM-based urban extent, which quadrupled since 2000. Furthermore,
the results capture the effects of the pollution-curbing policy implemented before the Olympic year
(i.e., 2008) as well as the sharp increase in tropospheric NO2 pollution in 2009, with the latter clearly
indicating that the series of measures developed to control and decrease Beijing air pollution in
preparation for and during the Games of the XXIX Olympiad were temporary. This analysis on the
relation between tropospheric NO2 pollution and urban growth/development highlights the capability
of multi-source imaging from space to quantitatively assess urbanization impacts on the environment.
Future research will be necessary to address several limitations in current methods to (i) capture
the urban-rural transition as a gradient rather that an abrupt binary boundary while using the Index of
Variability to explicitly quantify the larger deviation from the mean value for more urbanized areas
compared to that of more rural and natural areas, (ii) delineate fine features and their change in urban
areas with the availability of high-resolution products such as the Global Urban Footprint [25] and
time-series remote sensing data such as Sentinel [63], and (iii) extent long-term urban monitoring
with future satellite missions such as the NASA-Indian Space Research Organisation (ISRO) Synthetic
Aperture Radar (SAR) Mission [64]. Nevertheless, the use of DSM-processed QSCAT data offers
a significant step toward a consistent and quantitative assessment of both horizontal and vertical
urbanization that can be used to complement other currently available remote sensing-based urban and
settlement datasets [21] obtained using different approaches and input data [25,65–67]. Multiple current
and future satellite X-band SAR missions, such as the TerraSAR-X (launched), TanDEM-X, COnstellation
of small Satellites for Mediterranean basin Observation (COSMO-SkyMed), Advanced Satellite with
New system Architecture for Observation-2 (ASNARO-2), and LOTUSat-1 and LOTUSat-2, will provide
radar backscatter global data useful for 3D urban observations at a resolution of 10–100 meters [27].
Remote Sens. 2020, 12, 652 21 of 24
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/4/652/s1,
Input Data S1: DSM_QSCAT_data.zip, Input Data S2: GOME_SCI_NO2_data.zip; Figure S1: Intercalibrated
annual (2000—2009) “Average Visible, Stable Lights, and Cloud Free Coverages” data.
Author Contributions: Conceptualization, A.S., S.V.N., and M.M.; methodology, A.S., S.V.N., and M.M.; validation,
A.S., S.V.N., and M.M.; formal analysis, A.S.; investigation, A.S., S.V.N., and M.M.; input data resources, S.V.N.,
and A.R.; data curation, A.S.; writing—original draft preparation, A.S.; writing—review and editing, A.S., S.V.N.,
M.M., C.L., A.R.; visualization, A.S.; funding acquisition, A.S., S.V.N., M.M., and A.R. All authors have read and
agreed to the published version of the manuscript.
Funding: The research carried out at the Jet Propulsion Laboratory, California Institute of Technology, was funded
by National Aeronautics and Space Administration (NASA) Land-Cover and Land-Use Change (LCLUC) Program,
and in part by the NASA Earth Science R&A Program. The APC was funded by National Aeronautics and Space
Administration (NASA) Land-Cover and Land-Use Change (LCLUC) Program.
Acknowledgments: The research carried out at the School of Geography and Environmental Science, University
of Southampton (UK) was done in the framework of the WorldPop Project (www.worldpop.org). The research
carried out at the Jet Propulsion Laboratory, California Institute of Technology, was supported by National
Aeronautics and Space Administration (NASA) Land-Cover and Land-Use Change (LCLUC) Program, and in part
by the NASA Earth Science R&A Program. The authors want to thank to Gregory Neumann of the Jet Propulsion
Laboratory for the DSM data processing. Particularly for proofreading this paper, we thank Mr. Edward H. Sewall,
who is a JPL technical editor and a native speaker of English with a bachelor degree major in English from the
University of California at Los Angeles (UCLA), and Mr. David Kerr, a native speaker of English working at
WorldPop as a GIS Specialist Technician.
Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.
References
1. IPCC WGII and WGIII. In Proceedings of the Joint Expert Meeting of IPCC WGII and WGIII on Human
Settlement, Water, Energy and Transport Infrastructure—Mitigation and Adaptation Strategies, Calcutta,
India, 22–24 March 2011.
2. Pachauri, R.K.; Allen, M.R.; Barros, V.R.; Broome, J.; Cramer, W.; Christ, R.; Church, J.A.; Clarke, L.; Dahe, Q.;
Dasgupta, P.; et al. Climate Change 2014: Synthesis Report. Contribution of Working Groups I, II and III to the Fifth
Assessment Report of the Intergovernmental Panel on Climate Change; IPCC: Geneva, Switzerland, 2014; p. 151.
3. Chaussard, E.; Amelung, F.; Abidin, H.; Hong, S.H. Sinking cities in Indonesia: ALOS PALSAR detects rapid
subsidence due to groundwater and gas extraction. Remote Sens. Environ. 2013, 128, 150–161. [CrossRef]
4. Güneralp, B.; Güneralp, I˙.; Liu, Y. Changing global patterns of urban exposure to flood and drought hazards.
Glob. Environ. Chang. 2015, 31, 217–225. [CrossRef]
5. IPCC. Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation. A Special
Report of Working Groups I and II of the Intergovernmental Panel on Climate Change; Cambridge University Press:
Cambridge, UK, 2012; p. 582.
6. Geng, G.; Zhang, Q.; Martin, R.V.; van Donkelaar, A.; Huo, H.; Che, H.; Lin, J.; He, K. Estimating long-term
PM 2.5 concentrations in China using satellite-based aerosol optical depth and a chemical transport model.
Remote Sens. Environ. 2015, 166, 262–270. [CrossRef]
7. Streets, D.G.; Fu, J.S.; Jang, C.J.; Hao, J.; He, K.; Tang, X.; Zhang, Y.; Wang, Z.; Li, Z.; Zhang, Q.; et al. Air
quality during the 2008 Beijing Olympic games. Atmos. Environ. 2007, 41, 480–492. [CrossRef]
8. Han, Z.; Ueda, H.; Matsuda, K. Model study of the impact of biogenic emission on regional ozone and the
effectiveness of emission reduction scenarios over eastern China. Tellus B 2005, 57, 12–27. [CrossRef]
9. National Intelligence Council (NIC). Global Trends 2030: Alternative Worlds; National Intelligence Council:
Washington, DC, USA, 2012; p. 136.
10. Han, H.Y.; Lai, S.K.; Dang, A.R.; Tan, Z.B.; Wu, C.F. Effectiveness of urban construction boundaries in Beijing:
An assessment. J. Zhejiang Univ.-Sci. A 2009, 10, 1285–1295. [CrossRef]
11. IPCC. Climate Change 2013: The Physical Science Basis. Contribution of Working Group I to the Fifth Assessment
Report of the Intergovernmental Panel on Climate Change; Cambridge University Press: Cambridge, UK, 2013;
p. 1535.
Remote Sens. 2020, 12, 652 22 of 24
12. Lin, C.; Li, Y.; Lau, A.K.; Deng, X.; Tim, K.T.; Fung, J.C.; Li, C.; Li, Z.; Lu, X.; Zhang, X.; et al. Estimation
of long-term population exposure to PM 2.5 for dense urban areas using 1-km MODIS data. Remote Sens.
Environ. 2016, 179, 13–22. [CrossRef]
13. Jacobson, M.Z.; Nghiem, S.V.; Sorichetta, A. Short-term impacts of the megaurbanizations of New Delhi and
Los Angeles between 2000 and 2009. J. Geophys. Res.-Atmos. 2019, 124, 35–56.
14. Lin, C.H.; Tsai, P.H.; Lai, K.H.; Chen, J.Y. Cloud removal from multitemporal satellite images using information
cloning. IEEE Trans. Geosci. Remote Sens. 2013, 51, 232–241. [CrossRef]
15. Small, C. A global analysis of urban reflectance. Int. J. Remote Sens. 2005, 26, 661–681. [CrossRef]
16. Li, C.C.; Wang, J.; Wang, L.; Hu, L.Y.; Gong, P. Comparison of classification algorithms and training sample
sizes in urban land classification with Landsat Thematic Mapper imagery. Remote Sens. 2014, 6, 964–983.
[CrossRef]
17. Weng, Q.; Hu, X.; Liu, H. Estimating impervious surfaces using linear spectral mixture analysis with
multitemporal ASTER images. Int. J. Remote Sens. 2009, 30, 4807–4830. [CrossRef]
18. Small, C. High spatial resolution spectral mixture analysis of urban reflectance. Remote Sens. Environ.
2003, 88, 170–186. [CrossRef]
19. Nghiem, S.V.; Balk, D.; Rodriguez, E.; Neumann, G.; Sorichetta, A.; Small, C.; Elvidge, C.D. Observations
of urban and suburban environments with global satellite scatterometer data. ISPRS J. Photogramm.
2009, 64, 367–380. [CrossRef]
20. Elvidge, C.D.; Imhoff, M.L.; Baugh, K.E.; Hobson, V.R.; Nelson, I.; Safran, J.; Dietz, J.B.; Tuttle, B.T. Night-time
lights of the world: 1994–1995. ISPRS J. Photogramm. 2001, 56, 81–99. [CrossRef]
21. Nghiem, S.V.; Sorichetta, A.; Elvidge, C.D.; Small, C.; Balk, D.; Deichmann, U.; Neumann, G. Urban
Environments, Beijing Case Study. In Encyclopedia of Remote Sensing; Njoku, E.G., Ed.; Encyclopedia of Earth
Sciences Series; Springer: New York, NY, USA, 2014; pp. 869–878.
22. Small, C.; Pozzi, F.; Elvidge, C.D. Spatial analysis of global urban extent from DMSP-OLS night lights.
Remote Sens. Environ. 2005, 96, 277–291. [CrossRef]
23. Dell’Acqua, F. The role of SAR sensors. In Global Mapping of Human Settlement: Experiences, Datasets, and
Prospects; Gamba, P., Herold, M., Eds.; CRC Press: Boca Raton, FL, USA, 2009; pp. 309–319.
24. Farr, T.G.; Rosen, P.A.; Caro, E.; Crippen, R.; Duren, R.; Hensley, S.; Kobrick, M.; Paller, M.; Rodriguez, E.;
Roth, L.; et al. The shuttle radar topography mission. Rev. Geophys. 2007, 45. [CrossRef]
25. Esch, T.; Taubenböck, H.; Roth, A.; Heldens, W.; Felbier, A.; Thiel, M.; Schmidt, M.; Müller, A.; Dech, S.
TanDEM-X mission—New perspectives for the inventory and monitoring of global settlement patterns. J.
Appl. Remote Sens. 2012, 6, 061702. [CrossRef]
26. Shahzad, M.; Maurer, M.; Fraundorfer, F.; Wang, Y.; Zhu, X.X. Buildings detection in VHR SAR images using
fully convolution neural networks. IEEE Trans. Geosci. Remote Sens. 2019, 57, 1100–1116. [CrossRef]
27. Mathews, A.J.; Frazier, A.E.; Nghiem, S.V.; Neumann, G.; Zhao, Y. Satellite scatterometer estimation of urban
built-up volume: Validation with airborne lidar data. Int. J. Appl. Earth Obs. Geoinf. 2019, 77, 100–107.
[CrossRef]
28. Lungu, T.; Callahan, P.S.; Dunbar, S.; Weiss, B.; Stiles, B.; Huddleston, J.; Shirtcliffe, G.; Perry, K.L.; Hsu, C.;
Mears, C.; et al. QuikSCAT Science Data Product User’s Manual; Version 3.0, D-18053-Rev A; Jet Propulsion
Laboratory, California Institute of Technology: Pasadena, CA, USA, 2006.
29. Burrows, J.P.; Weber, M.; Buchwitz, M.; Rozanov, V.; Ladstätter-Weißenmayer, A.; Richter, A.; DeBeek, R.;
Hoogen, R.; Bramstedt, K.; Eichmann, K.U.; et al. The global ozone monitoring experiment (GOME): Mission
concept and first scientific results. J. Atmos. Sci. 1999, 56, 151–175. [CrossRef]
30. Richter, A.; Burrows, J.P. Tropospheric NO2 from GOME measurements. Adv. Space Res. 2002, 29, 1673–1683.
[CrossRef]
31. Bovensmann, H.; Burrows, J.P.; Buchwitz, M.; Frerick, J.; Noël, S.; Rozanov, V.V.; Chance, K.V.; Goede, A.P.H.
SCIAMACHY: Mission objectives and measurement modes. J. Atmos. Sci. 1999, 56, 127–150. [CrossRef]
32. Wang, Y.; Ren, X.; Ji, D.; Zhang, J.; Sun, J.; Wu, F. Characterization of volatile organic compounds in the urban
area of Beijing from 2000 to 2007. J. Environ. Sci. 2012, 24, 95–101. [CrossRef]
33. Long, Y.; Han, H.; Lai, S.K.; Mao, Q. Urban growth boundaries of the Beijing Metropolitan Area: Comparison
of simulation and artwork. Cities 2013, 31, 337–348. [CrossRef]
34. GADM Maps and Data. Available online: https://gadm.org/ (accessed on 3 October 2019).
Remote Sens. 2020, 12, 652 23 of 24
35. Long, Y.; Mao, Q.; Dang, A. Beijing urban development model: Urban growth analysis and simulation.
Tsinghua Sci. Technol. 2009, 14, 782–794. [CrossRef]
36. Wikipedia—Beijing. Available online: https://en.wikipedia.org/wiki/Beijing (accessed on 2 November 2019).
37. Sun, Y.; Wang, L.; Wang, Y.; Quan, L.; Zirui, L. In situ measurements of SO2, NOx, NOy, and O3 in Beijing,
China during August 2008. Sci. Total. Environ. 2011, 409, 933–940. [CrossRef]
38. Hatakeyama, S.; Takami, A.; Wang, W.; Tang, D. Aerial observation of air pollutants and aerosols over Bo
Hai, China. Atmos. Environ. 2005, 39, 5893–5898. [CrossRef]
39. Tsai, W.Y.; Nghiem, S.V.; Huddleston, J.N.; Spencer, M.W.; Stiles, B.W.; West, R.D. Polarimetric scatterometry:
A promising technique for improving ocean surface wind measurements from space. IEEE Trans. Geosci.
Remote Sens. 2000, 38, 1903–1921. [CrossRef]
40. Nghiem, S.V.; Leshkevich, G.A.; Stiles, B.W. Wind fields over the Great Lakes measured by the Sea Winds
scatterometer on the QuikSCAT satellite. J. Great Lakes Res. 2004, 30, 148–165. [CrossRef]
41. Stevenazzi, S.; Masetti, M.; Nghiem, S.V.; Sorichetta, A. Groundwater vulnerability maps derived from time
dependent method using satellite scatterometer data. Hydrogeol. J. 2015, 23, 631–647. [CrossRef]
42. Stevenazzi, S.; Bonfanti, M.; Masetti, M.; Nghiem, S.V.; Sorichetta, A. A versatile method for groundwater
vulnerability projections in future scenarios. J. Environ. Manag. 2017, 187, 365–374. [CrossRef] [PubMed]
43. Jacobson, M.Z.; Nghiem, S.V.; Sorichetta, A.; Whitney, N.S. Ring of impact from the mega-urbanization of
Beijing between 2000 and 2009. J. Geophys. Res.-Atmos. 2015, 120, 5740–5756. [CrossRef]
44. Masetti, M.; Nghiem, S.V.; Sorichetta, A.; Stevenazzi, S.; Fabbri, P.; Pola, M.; Filippini, M.; Brakenridge, G.R.
Urbanization affects air and water in Italy’s Po Plain. Eos 2015, 96, 13–16. [CrossRef]
45. Zhang, Q.; Pandey, B.; Seto, K.C.A. Robust Method to Generate a Consistent Time Series From DMSP/OLS
Nighttime Light Data. IEEE Trans. Geosci. Remote Sens. 2016, 54, 5821–5831. [CrossRef]
46. Nguyen, L.H.; Nghiem, S.V.; Henebry, G.M. Expansion of major urban areas in the US Great Plains from
2000 to 2009 using satellite scatterometer data. Remote Sens. Environ. 2018, 204, 524–533. [CrossRef]
47. Welcome at the IUP-Bremen DOAS Group. Available online: http://www.doas-bremen.de/index.html
(accessed on 3 October 2019).
48. Richter, A.; Burrows, J.P.; Nüß, H.; Granier, C.; Niemeier, U. Increase in tropospheric nitrogen dioxide over
China observed from space. Nature 2005, 437, 129–132. [CrossRef]
49. Zhang, Q.; Streets, D.G.; He, K.; Wang, Y.; Richter, A.; Burrows, J.P.; Uno, I.; Jang, C.J.; Chen, D.; Yao, Z.; et al.
NOx emission trends for China, 1995–2004: The view from the ground and the view from space. J. Geophys.
Res.-Atmos. 2007, 112. [CrossRef]
50. Huang, J.; Zhou, C.; Lee, X.; Bao, Y.; Zhao, X.; Fung, J.; Richter, A.; Liu, X.; Zheng, Y. The effects of rapid
urbanization on the levels in tropospheric nitrogen dioxide and ozone over East China. Atmos. Environ.
2013, 77, 558–567. [CrossRef]
51. Hilboll, A.; Richter, A.; Burrows, J.P. NO2 pollution over India observed from space—The impact of rapid
economic growth, and a recent decline. Atmos. Chem. Phys. Discuss. 2017. [CrossRef]
52. Petritoli, A.; Bonasoni, P.; Giovanelli, G.; Ravegnani, F.; Kostadinov, I.; Bortoli, D.; Weiss, A.; Schaub, D.;
Richter, A.; Fortezza, F. First comparison between ground-based and satellite-borne measurements of
tropospheric nitrogen dioxide in the Po basin. J. Geophys. Res.-Atmos. 2004, 109. [CrossRef]
53. Nghiem, S.V.; Tsai, W.Y. Global snow cover monitoring with spaceborne K/sub u/-band scatterometer.
IEEE Trans. Geosci. Remote Sens. 2001, 39, 2118–2134. [CrossRef]
54. Santini, M.; Taramelli, A.; Sorichetta, A. ASPHAA: A GIS-based algorithm to calculate cell area on a
latitude-longitude (geographic) regular grid. Trans. GIS 2010, 14, 351–377. [CrossRef]
55. Xie, Y.; Fang, C.; Lin, G.; Gong, H.; Qiao, B. Tempo-spatial patterns of land use changes and urban
development in globalizing China: A study of Beijing. Sensors 2007, 7, 2881–2906. [CrossRef]
56. Ebeijing—Land Area and Utilization 2007. Available online: http://www.ebeijing.gov.cn/feature_2/Statistics/
GeneralSuvey/t1067970.htm (accessed on 3 October 2019).
57. Wikipedia—Geography of Beijing. Available online: http://en.wikipedia.org/wiki/Geography_of_Beijing
(accessed on 3 October 2019).
58. Broudehoux, A.M. Spectacular Beijing: The conspicuous construction of an Olympic metropolis. J. Urban Aff.
2007, 29, 383–399. [CrossRef]
59. Shenghe, L.; Prieler, S.; Xiubin, L. Spatial patterns of urban land use growth in Beijing. J. Geogr. Sci.
2002, 12, 266–274. [CrossRef]
Remote Sens. 2020, 12, 652 24 of 24
60. U.S. Environmental Protection Agency—Nitrogen Dioxide (NO2) Pollution. Available online: https:
//www.epa.gov/no2-pollution/basic-information-about-no2#Effects (accessed on 3 October 2019).
61. Rich, D.Q.; Kipen, H.M.; Huang, W.; Wang, G.; Wang, Y.; Zhu, P.; Ohman-Strickland, P.; Hu, M.; Philipp, C.;
Diehl, S.R.; et al. Association between changes in air pollution levels during the Beijing Olympics and
biomarkers of inflammation and thrombosis in healthy young adults. JAMA 2012, 307, 2068–2078. [CrossRef]
62. Schleicher, N.; Norra, S.; Chen, Y.; Chai, F.; Wang, S. Efficiency of mitigation measures to reduce particulate
air pollution—A case study during the Olympic Summer Games 2008 in Beijing, China. Sci. Total. Environ.
2012, 427, 146–158. [CrossRef]
63. European Space Agency—Copernicus. Available online: http://www.esa.int/Our_Activities/Observing_the_
Earth/Copernicus/Overview4 (accessed on 3 October 2019).
64. NASA-ISRO SAR Mission (NISAR). Available online: http://nisar.jpl.nasa.gov/ (accessed on 3 October 2019).
65. Schneider, A.; Friedl, M.A.; Potere, D. A new map of global urban extent from MODIS satellite data.
Environ. Res. Lett. 2009, 4, 044003. [CrossRef]
66. Zhou, Y.; Smith, S.J.; Zhao, K.; Imhoff, M.; Thomson, A.; Bond-Lamberty, B.; Asrar, G.R.; Zhang, X.; He, C.;
Elvidge, C.D. A global map of urban extent from nightlights. Environ. Res. Lett. 2015, 10, 054011. [CrossRef]
67. Pesaresi, M.; Ehrlich, D.; Ferri, S.; Florczyk, A.J.; Freire, S.; Halkia, M.; Julea, A.; Kemper, T.; Soille, P.; Syrris, V.
Operating Procedure for the Production of the Global Human Settlement Layer from Landsat Data of the Epochs 1975,
1990, 2000, and 2014; Publications Office of the European Union: Luxembourg, 2016; pp. 1–62.
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
